Improving the yield and quality of crops is imperative within agriculture. Both traits depend on gene expression and metabolic activities that are affected by environmental factor, and are therefore complex and variable. Transcriptome analysis is a helpful method to understand gene expression profiles in vivo; however, most crops are in fact cultivars for which there is little genetic information. In this study, we determined gene expression profiles of Perilla frutescens var. crispa f. viridis, a cultivar of green perilla. We compared the transcriptome gene sequence of P. frutescens in leaves and roots after 7, 14, and 35 d of growth with the gene sequences of other plants in public databases. Green perilla showed the highest similarity to Mimulus guttatus (Lamiales). Genetic information for approximately 13,000 genes was evaluated, and many of these genes have been classified into the organism's biological processes using Gene Ontology analysis. De novo-based gene expression levels and other plants-based gene expression levels were similar in 90% of genes. Results suggest that information from public databases can assist in analyzing the genetic information of cultivars. This method will be a platform for providing rapid and cost-effective options for use in commercial agriculture.
INTRODUCTION
Ensuring stable and increasing crop yields are important problems within agriculture. In many cases, studies on the cultivation of crops have a long history; however, few studies have focused on the changes occurring in crops at the genetic level. Gene expression profiles in vivo are thought to assist in understanding plant conditions, so as to stabilize and increase yield. Recently, comprehensive analyses such as genomics, proteomics, and metabolomics have advanced the understanding of information in vivo and provided a lot of information through one-time analysis.
Transcriptome analysis by RNA-seq, an omics analysis technique, is widely used in studies of animals, plants, and insects (Scherf et al., 2000; Rifkin et al., 2003; Lister et al., 2008) . Bioinformatics approaches are used to elucidate biological implications. There is abundant genetic information available for model plants such as Arabidopsis thaliana, as well as a reference sequence (RefSeq) supporting highly accurate analysis (Fiehn et al., 2001) . Software applications for visualizing the analyzed data and genetic information have been built into public databases, offering the ability to assess large quantities of data. However, there is little information for cultivars. On the other hand, basic mechanisms and genes involved in plant processes, such as those involved in growth metabolism, are conserved in many species. Therefore, the use of information available in databases is very helpful in building and improving the cultivation environment of cultivars. The use of model-plant genetic analysis techniques within cultivars has a strong potential to increase yield and improve crop quality.
Although species differ, the functions of genes tend to be similar as they are evolutionarily conserved (Tanigaki et al., 2014) . In plants, the amino acid or nucleotide sequences of ribulose-1,5-bisphosphate carboxylase/ oxygenase (RuBisCO) are evolutionarily conserved (Tabita et al., 2007) . In some cases, this similarity is low because of differences in rates of molecular evolution (Xiang et al., 2004) . However, species-specific genes are difficult to analyze by expression estimation and mapping to metabolic pathways. Using omics data for species-specific genes via genetic functional analysis is time-consuming. Moreover, genes specific to a particular cultivar can facilitate speciesspecific de novo genetic analysis (Hong et al., 2015) . Conventional farmers seeking methods to improve crop growth require data rapidly (within a single planting sea- In the present study, we focused on the cultivar Perilla frutescens var. crispa f. viridis (green perilla), for which there is little genetic information. Perilla is a herb of the mint family and has two forms-green and red-differing primarily in the accumulation of anthocyanins (Saito et al., 1999; He et al., 2015) . Green perilla is cultivated throughout Asia and has an aroma derived from perillaldehyde accumulated in the glandular trichomes (Sato-Masumoto and Ito, 2014) . Green perilla is a good source of several nutrients, including calcium, vitamin B, and carotene, and is also used as a herbal medicine and health supplement (Takano et al., 2004; Takagi et al., 2005) . We cultivated green perilla in a plant factory using light-emitting diode (LED) lighting and performed transcriptome analysis of samples harvested at 7, 14, and 35 d after planting, using genetic similarity and public databases.
MATERIALS AND METHODS

Plant material
Green perilla (P. frutescens) seeds were soaked in water and incubated to develop roots for 7 d in a growth chamber. The plants were cultivated in a closed plant factory system using a Deep Flow Technique (DFT) hydroponic system (Vimolmangkang et al., 2010) and the solution was circulated using a pump (flow rate 10.0 L min 1 , NW20-PTN, Aichi Tokei Denki Co., Ltd., Aichi, Japan). The cultivation liquid medium used was Otsuka House No. 1 and 2 diluted with tap water (N: P2O5: K2O: CaO: MgO 10: 8: 27: 0: 4 and N: P2O5: K2O: CaO: MgO 11: 0: 0: 23: 0, OAT Agrio Co., Ltd., Tokyo, Japan) at pH 6.0 and electrical conductivity (EC) 2.0 (following OAT Agrio standard solution formulations). The cultures were grown at 22°C, 50% relative humidity (RH), and 1,000 mol mol 1 CO2 concentration under red, blue, green (RBG)-LED (R: G: B approximately 120: 40: 40 mol m 2 s 1 , DP-10403-01, SHIBASAKI Inc., Saitama, Japan) light on a 12 h cycle (10:00 AM lights on, 10:00 PM lights off).
Extraction of RNA All leaves (complete and seed leaves) and roots (main and lateral roots) were sampled at 7, 14, and 35 d after planting, and samples were stored at 80°C. Total RNA was extracted from each sample using an Agilent Plant RNA Isolation Mini Kit according to the manufacturer's instructions (Agilent Technologies, Santa Clara, California, USA). RNA quantity was determined with a Bioanalyzer (Agilent Technologies). The RNA-seq library preparation method has been previously described (Wang et al., 2011; Nagano et al., 2015) . Transcriptome sequence analyses were performed by Beijing Genomics Institute (BIG, Shenzhen, China). A HiSeq 2000 sequencer (single end, 50 bp; Illumina) was used to read files. The construction of contigs was performed by BGI. A Trinity assembler (2011 11 26 version) was used for de novo short read assembly (Max contig length: 76,620 bp; Min contig length: 201 bp). These de novo data were published on our website (http://www.me.osakafu-u.ac.jp/bioproduction/news/ denovo.fa).
Transcriptome analysis Quality control was performed using the FastQC software (http://www.bioinformatics.babraham.ac.uk/projects/ fastqc/). Clean reads were analyzed for mapping against RNA-seq data from 46 plants in the Phytozome database (http://www.phytozome.net/) and de novo contigs of P. frutescens. Data from these plants are designated Arabidopsis thaliana (TAIR database ID). The mapping data were quantified using the RNA-seq by Expectation Maximization (RSEM) software (http://deweylab.biostat. wisc.edu/rsem/) with Bowtie2 software (http://bowtie-bio. sourceforge.net/bowtie2/index.shtml) (Li and Dewey, 2011) . RSEM software calculates values based on the lengths of target contigs and numbers of mismatches, and isoform-or gene-level estimates were obtained using expectation-maximization (EM) algorithms and read counts for each contig. Accordingly, accurate estimates of expression data were provided, even for data that were mapped to multiple sites. The mapping parameter in Bowtie2 was set to default. Based on initial analysis, the mismatch rate was set to 0.2. The expression data were normalized to the RPKM (Reads Per Kilobase of exon per Million mapped reads) value. Expression data were registered with the DNA Data Bank of Japan (DDBJ) database (http://trace. ddbj.nig.ac.jp/DRASearch, Accession numbers; DRA004233, DRA004232). Histogram analyses with RPKM values of 0.1 were set to 0.1, and RPKM values were log2 transformed and analyzed with the ggplot2, reshape, and reshape2 packages of the R software.
Gene ontology analysis The normalized expression data which have the A. thaliana ID (TAIR database ID) were categorized based on Gene Ontology (GO) terms using Gene Ontology Consortium (https://geneontology.org/).
Expression level comparison analysis
The normalized expression data used the average value between all cultivation periods and leaves and roots. 
RESULTS
Obtaining information from genes using similarity Transcriptome analyses of gene expression in leaves and roots were obtained three times (7, 14, and 35 d) after planting; therefore the analysis result does not depend on the cultivation period. As a result, we estimated the genetic information of 12,807 genes of leaves and roots. All clean reads showed quality scores Q30. The transcriptome data were each mapped to a reference sequence of 46 plants, including phytoplankton, in the Joint Genome Institute (JGI) database. The maximum map ratio of green perilla transcriptome data for the reference sequences in 46 plants was 58% of Mimulus guttatus (mismatch rate 0.2 in Bowtie2 mapping), and the minimum map ratio was 0.07% of Ostreococcus lucimarinus (Fig. 1 ). Compared with model plants, the map rates to A. thaliana and Oryza sativa were 6.69% and 5.17%, respectively. Green perilla is closely associated to M. guttatus; thus, its expression data were based on M. guttatus. For expression data that could not be obtained from the result of mapping to M. guttatus, non-overlapping expression data obtained from the result of mapping the whole sequence to 45 plants was used. We excluded genes that were not expressed in more than three of the six samples [three times two sites (leaves and roots)]. As a result, there were 36 expression-level data from 36 plants other than M. guttatus.
Genes with GO annotation
We categorized all genes based on their GO annotation in molecular function and biological processes. Using the PANTHER classification system, we showed that 12,453 of 12,807 genes have GO annotation (GO Ontology database ver.2016 05 20). We expressed the results as Fold enrichment, a value obtained by dividing the expected value (the number of the subject genes of analysis expected for each category based on the reference list) by the number of genes classified into each category. Molecular function was significantly enriched in 17 parent categories (excluding Unclassified) (P 0.05) (Fig. 2) . The following were the major large parent categories of molecular function: metallopeptidase activity (Fold enrichment 2.15, P 1.03E-2), microtubule binding (Fold enrichment 2.05, P 2.60E-3), and ATP-dependent helicase activity (Fold enrichment 2.05, P 6.47E-3). In contrast, the following were the major small parent categories of molecular function categories: protein-disulfide reductase activity (Fold enrichment 0.2, P 1.69E-10) and ATP-dependent helicase activity (Fold enrichment 0.34, P 4.47E-4). Figure 3 shows representative biological process categories. Significantly enriched biological process contained 76 parent categories (excluding the unclassified categories) (P 0.05). The major large parent categories included DNA-dependent DNA replication (Fold enrichment 2.40, P 0.002), response to carbohydrate (Fold enrichment 2.33, P 3.00E-4), and Golgi vesicle transport (Fold enrichment 2.32, P 3.00E-4). The aromatic compound biosynthetic process formed a small cluster (Fold enrichment 1.19, P 0.013). Killing cells of other organisms was the smallest cluster (Fold enrichment 0.20, P 9.00E-16). Figure 4 shows representative cellular component parent categories. Significantly enriched biological process contained 28 parent categories (excluding the unclassified categories) (P 0.05). The major large parent categories included nuclear pore (Fold enrichment 2.49, P 2.47E-02) and phragmoplast (Fold enrichment 2.37, P 1.11E-05). The extracellular region formed a small cluster (Fold enrichment 0.70, P 6.74E-19).
Expression level of the comparison by the mapping to the de-novo assembly and RNA-seq data of other plants
We obtained expression levels and annotation by transcriptome data of green perilla in sequence data of all plant species in the existing database. In addition to this acquired information, we believed that green perillaspecific genes exist; thus, we compared gene expression level with reference to other plants ( contigs and de novo contigs was performed by BLAST . The expression level was evaluated using the difference between the log2 value of the ROP and de novo contigs. As a result, 11,895 genes had a difference between 1 and 1 in leaves, and these genes accounted for approximately 93% of the total genes (Fig. 5A) . Two genes had three or more differences; 39 genes had one or more and two or less differences; and 871 genes had zero or more and one or less differences. In root samples, 11,616 genes had a difference of between 1 and 1, and these genes accounted for approximately 91% of the total genes (Fig. 5B) . One gene had three or more differences; 46 genes had one or more and two or less differences; 1,144 genes had zero or more and one or less difference.
DISCUSSION
In the present study, we performed transcriptome analysis of the cultivar green perilla (P. frutescens) based on genetic similarity using a public database. We estimated information for 12,807 genes possessing a link to the model plant (A. thaliana) information using public databases. By comparing the transcriptome data of green perilla with RNA-seq data of ROP and de-novo contigs at the expression level, the difference of 90% or more of the genes in leaves and roots was one or less (log2 value). Transcriptome data of other varieties have been mapped to many genes of M. guttatus. M. guttatus falls within the order Lamiales (the same order as green perilla) (The Angiosperm Phylogeny Group, 2016). Similarly, Solanum lycopersicum (Solanales) and Vitis vinifera (Vitales) have relatively high map rates and are closely related species. By contrast, the map rate of Oryza sativa (Poales), which showed a remote relationship, was low. These results suggest that green perilla and M. guttatus have similar genetic backgrounds.
Environ. Control Biol. Analysis of GO biological processes indicate that many of the genes, such as those governing DNA replication and cell division, were classified into categories related to the basic life activities of the organism. By contrast, there were few genes classified in killing of cells of other organisms. Genes that induce cell death have been classified in this category. Additionally, categorized genes in hormone-mediated signaling pathways were small compared with other genes. Hormone-mediated signaling is often observed in disease response. In addition, pathogens which infect plants are often species-specific; thus, a plant may possess a response mechanism that corresponds to the pathogen. Unlike green perilla, M. guttatus is adapted to live in riparian and wetland environments (Peterson et al., 2016) . Given these differences, green perilla and M. guttatus could possess different response mechanisms against disease and wounding.
More than 90% of the genes in both the leaves and roots had a similar expression level. Many of the genes have been classified into the basic processes of the organism using GO analysis. Similar to the results of the mapping analysis, these results suggest that green perilla and M. guttatus have similar genetic backgrounds. On the other hand, 912 genes in leaves and 1,191 genes in roots had a difference of more than twofold. These differences could have been influenced by the quality of transcriptome data and analysis methods, such as mapping. However, the technique and materials described here will not apply to the level of all genes.
Methods (e.g., BLAST) to estimate gene function using nucleic acid and amino acid sequences are now becoming common. Methods such as genome-wide annotation to consider the similarity of the sequence in the global analysis cyclopedically are also established (Promponas et al., 2015) . During transcriptome analysis, a first reference sequence is built from de-novo assembly data to obtain an accurate expression level (Haas et al., 2013) . The analysis then estimates gene functions using similarity of the sequence. These procedures to obtain accurate data are easily applied to model plants, but difficult to apply to highly Vol. 55, No. 2 (2017) diverse cultivars. By mapping directly to reference sequences of other plants in public databases, our study method expedited the analysis. Although our method may result in lower accuracy compared with the procedures commonly applied to model plants, the method can obtain over 90% of the expression level data of the estimated genes. Because the plants possess species-specific sequences, species-specific mechanisms, and orthologous and paralogous genes, we did not expect to obtain all of the information using this novel analysis. Although it is currently difficult to analyze unique genes of green perilla, there is a possibility that this method can be used for analysis if specific elucidation of the gene is advanced. Therefore, it is difficult to analyze the unique mechanism of green perilla using this method. On the other hand, as shown in Fig. 3 , this method enabled the estimation of the genetic information relating to the basic metabolism of plants such as photosynthesis or development. Consequently, we believe that it will become possible to analyze the combined basic growth rate of plants corresponding to the outside environment. The present study demonstrates a successful method for using the omics platform to analyze cultivars, and with new and updated genetic data of various plants, we anticipate continual improvements in the technique that will further its application in commercial agriculture. The horizontal axis shows a difference of each gene in ascending order. The grey background shows that the gene difference expression level was more than 2-fold.
